Abstract. Variations in wine prices can be prominent and have widespread economic and financial implications. In the present paper we demonstrate that significant international diversification benefits exist for investors in Italian, Australian and Portuguese fine wines while diversification across varieties of French wine is not that effective. We propose the development of futures and options contracts on standardized wine price indices in order to enhance market completeness and to address the risk management needs of all market participants. Several popular continuous time processes are used to approximate empirically the dynamics of four fine wine price indices. On the basis of the results we describe appropriate equilibrium models for pricing wine futures and option contracts.
Introduction
The wine industry is built around one of the most ancient global commodity markets. In the US alone, which consumes under 12% of the total volume internationally, total retail wine sales are estimated at more than $28 billion for 2009 (Press release, April 8, 2010 , Wine Institute) with nearly 5,500 active producers (U.S. Treasury 's Alcohol and Tobacco Tax and Trade Division, 2007) . As with all agricultural markets, the wine market is subject to a variety of systematic and unsystematic risks including, for example, human or personal farmer risk, weather, production factor risk, production or yield risk, price risk, institutional/policy framework risk and economic/financial risks (see European Commission, 2001; Moschini and Hennessy, 2001; Kimura et al, 2010) .
In the present paper we focus on the risk which is related to the variation in wine prices. This particular risk arises due to the fact that output prices cannot be determined accurately prior to production since inelastic demand translates into high price uncertainty. Ever since the seminal work of Krasker (1979) and Jaeger (1981) (for more recent studies see Jacobsen, 1999, 2001) , we know that wine price returns can vary considerably. Empirical studies have shown that the price of wine depends on a number of factors which include, weather, reputation, natural endowments, production technology, year of vintage, grape composition (see Hadj Ali et al., 2008, inter alia) and prevailing economic conditions (see Masset and Weisskoff, 2010) . Our interest on wine price risk is justified on the basis of several reasons.
First, agricultural risks are a growing concern in general nowadays since there is widespread evidence that they have grown rapidly over the recent past (see OECD, 2009) . Second, although these risks in the past concerned mostly farmers and governments, it is more evident now that they affect a wide spectrum of stakeholders which includes consumers, insurers, lenders, retailers, collectors, investors, governments and policy makers. Thirdly, although most agricultural risks were traditionally assumed to a large extent by the government, the trend is to introduce effective risk-sharing without subsidies (see, for example, Skees, 1999) . Fourthly, price uncertainty has considerably increased in the last years and is expected to continue to increase in the future due to changes in EU agricultural policies and the extension of the competition to a worldwide level. Fifthly, despite the apparent need for efficient price risk management, the tools available to producers are limited to ineffective or costly approaches that include diversification in agricultural production, insurance policies, forward contracts, cash reserves, underleverage and wine reserves (Bacquet et al., 1997; Boehlje and Lins, 1998; European Commission, 2001; Viviani, 2006) . Sixthly, wine price risk is of particular interest to private or institutional investors who specialize in wine or are interested in including wine assets in their portfolios.
Although the wine investment market is still small and is estimated at around $3 billion per year, it is rapidly growing (Reuters, 12 January, 2010, Wine investment funds grown into global business). Despite the apparent interest, the risk profile of wine as an alternative investment remains largely unknown. On the one hand, although a longstanding literature has investigated the benefits of international diversification for portfolio risk reduction (see, for example, Fletcher, Andrew Marshall, 2005; Chiou 2008 ), little is known on the effectiveness of this approach for wine investments. Diversification across wine producing countries is particularly relevant for wine investments since this is a truly international market and prices are sensitive to climate variations at a country level. On the other hand, although evidence has been presented in the literature concerning the diversification benefits of including commodities in investment portfolios (eg., Capie et al., 2005; Cheung and Miu, 2010) , relevant studies on wine are still limited (a recent exception is Masset and Weisskoff, 2010) . Finally, even though financial derivatives, such as options, futures and swaps provide state-of-the-art tools for risk management in most major financial and commodity markets, derivatives on wine are not available at present. This is a significant setback since, as with all commodity markets, the development of the wine market depends critically on the ability it has to satisfy the risk management of all stakeholders. The first and only tradable wine futures contract was Winefex which was developed by Euronext in Paris back in 2001 using en primeur (forward) fine Bordeaux red wine prices to form the underlying (for a description of en primeur contracts see Hadj Ali and Nauges, 2007) . Unfortunately, this contract was very short-lived and lasted only for four months (the reasons for this failure are discussed by Pichet, 2010) . Viviani (2006) discusses the underdevelopment of wine derivatives and highlights product differentiation as a major limiting factor. Financial options are also discussed in the wine economics literature for the management of weather rather than price risk (Cyr and Kusi, 2007) . Viviani (2007) recognizes a real option mechanism inherent in the protection provided by the federation of Côte du Rhône (Inter-Rhône) wine producers to its members.
The present study attempts to shed more light on wine investment risk by looking into the benefits of diversification across countries and wine varieties, respectively, and by examining the intertemporal behavior of wine price returns in relation to other benchmark investments. Further, in order to address the needs of all market participants, we propose the development of specialised wine derivatives. In order to overcome potential problems that could be caused by the inherent heterogeneity between different wines, we adopt wine price indices as the underlying asset. In our empirical analysis we compare several continuous time processes with respect to their ability to approximate the behavior of wine price indices.
The results are then used to set a framework of models for pricing futures and options on wine price indices.
The rest of the paper is organised as follows. Section 2 provides a description of the data along with a preliminary statistical analysis. Particular attention is devoted on studying the relationships between alternative wine classes across countries and varieties in order to explore the diversification benefits that are available to wine investors. An analysis of risk factors is also undertaken by examining the sensitivity of wine price indices to various economic and financial variables. Section 3 evaluates the ability of several popular stochastic processes to model the dynamics of wine price indices and on the basis of the results section 4 outlines a methodological framework for pricing an option written on wine indices. The final section concludes the paper.
Empirical Application
We draw our time series of wine price indices from WinePrices.com and the London International Vintners Exchange (Liv-ex), respectively. Data from the first source allow us to study wine price diversification across various countries and wine varieties. Data obtained from the second source do not allow an international analysis but are substantially longer and thus are used to meet the high datarequirements of the continuous time process estimation.
WinePrices.com is an online resource for wine auction and retail price information from which we obtain monthly observations for the period 1/2005 to 1/2010 on nine different fine wine price indices. As claimed by WinePrices.com, the indices are comprised of the most representative and actively traded wines worldwide using an extensive database which includes over 530,000 auction prices from the last eight years and over 1 million US retail prices on nearly 200,000 unique wines. The WinePrices indices analysed are: the Fine Wine 100 Index (FW100, the most representative price index with a global composition), the Fine Wine 250 Index (FW250, the most widely diversified index globally), the Bordeaux First-Growth 100 Index (BRD100, consists of First-Growth wines), the California 100 Index The second dataset consists of price indices at a monthly frequency from July 2001 to July 2010 which are compiled by the Liv-ex. This is an exchange market for an estimated 300 fine wine major merchants from 26 countries across Europe, Asia, North America and Australasia. According to the exchange, these merchants combined account for about 80% of the global turnover in fine wine. Liv-ex advertises comprehensive price data on almost 100,000 fine wines. The first series comprises of monthly observations on the Liv-ex 100 Fine Wine Index. This has been reported in the financial industry "as wine industry's leading benchmark" (Reuters, 4th November 2008) . The index reflects prices of the 100 of the most sought-after fine wines for which an active secondary market exists. Most of the index depends on Bordeaux wines, as is the overall market, but the index also covers labels from Burgundy, the Rhone, Champagne and Italy. In order to better represent the actual impact on the market of each wine, the index is weighted to account for original production levels along with the increasing scarcity as the wine ages.
In order to get a better understanding of wine price baskets and possibly more robust results, we analyse However, the index includes also some wines from Burgundy, the Rhone, Champagne, Port, Italy and the New World. All indices are price weighted and are based on mid prices rather than transaction prices.
Mid prices are determined as the mid-point between the current highest bid price and lowest offer price on the Liv-ex trading platform. Each price is also verified by a valuation committee to ensure data robustness. The Liv-ex 100 can be downloaded from Reuters but all indices are freely available over the web from www.Liv-ex.com.
The time series plot of the Liv-ex 100 index logarithmic price levels in Figure 1 indicates that wine prices exhibit persistent variations along an upward slope and decrease sharply during the credit crisis in 2008.
The plots of the remaining series analysed allow similar conclusions to be drawn and are omitted in order to preserve space. Descriptive statistics for the logarithmic returns (referred to simply as returns hereafter) of the indices under study are presented in Table 1 . The shorter WinePrice indices are normally distributed, with the exception of the RH50. For the Liv-ex data, in all cases except for the most widely diversified Liv-ex 500 index, returns have abrupt upward and downward variations as indicated by the significant Jarque-Bera test statistics. This is also evident from the negative skewness, the excess kurtosis and the violent jumps that exceed 17% (or about 5.5 standard deviations) in magnitude. The plot of Liv-ex series returns in Figure 2 confirms the existence of extreme variations.
FIGURE 2. Fine Wine Index returns
The nonnormality of the returns is depicted by the density of Liv-ex 100 returns which is presented in Figure 3 . This graph gives the Epanechnikov density of returns along with superimpositions of the normal and t-student distribution, respectively. Clearly, the t-student offers a better fit to the leptokurtotic density of the Liv-ex 100 returns. Table 2 allow us to draw two major conclusions. First, the benefits of international diversification are potentially significant since the correlation coefficients with wines from Italy, Australia and Portugal are relatively small with average values at 28.1%, 32.7% and 29%, respectively. Californian wines offer smaller diversification benefits out of the international markets studied (avg. correlation is 55.7%). Second, the diversification benefits across the major French wines are limited and are smallest for the Bordeaux First-Growth wines (avg. correlation is 60.3%). The Burgundy region wines offer the best diversification opportunities (avg. correlation is 44.1%) and are followed by the Rhone valley wines (avg. correlation is 49.2%). The results from the correlation analysis were further confirmed through a principal component analysis. This showed that the two factors with an eigenvalue above unity explained 65.9% of the variation in the series. The factor loadings of these first two components, as shown in In order to assess the risk factors that potentially affect wine prices we now examine how wine index returns are related to stock market performance (S&P 500, FTSE100, DAX30, CAC40, MSCI-World,
MSCI-Europe index returns), interest rates (1-month Euribor and US Treasury Bill rates) and the overall performance in the various components of the agriculture and food industries (MSCI Agriculture & Food
Chain/AFC Index for the world and Europe). The Liv-ex dataset is now used in order to increase the sample sizes available and gain on degrees of freedom. The correlation analysis results summarised in Although stock markets seem to be a significant systematic risk factor, the CAPM beta coefficients suggest that investments in wine are passive. For example, assuming a US investor, a market model regression of Liv-ex 100 against S&P 500 returns gives a beta coefficient of only 0.17. Moreover, the Rsquared of the regression suggests that most of the wine risk is unsystematic and hence diversifiable since 
Continuous Time Dynamics of the Liv-ex Indices
We now concentrate on modelling the dynamics of the Liv-ex Fine Wine Indices. To this end, we consider four popular models of continuous time dynamics under the actual probability measure:
Geometric Brownian motion process (GBMP)
Mean Reverting Gaussian process (MRGP)
Mean Reverting Square-Root process (MRSRP)
Mean Reverting Logarithmic process (MRLP)
These models have been used in a variety of applications including the modelling of stock and commodity prices (Merton, 1976; Schwartz, 1997) and that of interest rate and volatility (Chan et al., 1992; Detemple and Osakwe, 2000; Pan, 2002; Windcliff et al., 2006) . Excluding the GBMP model which has a proportional structure (μ is the percentage drift), the remaining correspond to mean-reverting processes with a speed of mean reversion κ and an unconditional long-run mean θ. In all cases, σ stands for the percentage volatility and t W is a standard Wiener process.
The parameters of the four models considered are estimated for each one of the Liv-ex indices under study using a standard Maximum Likelihood (ML) methodology. Tables 5 to 8 (columns 2-5) summarises the estimates obtained for the wine indices, along with corresponding t-statistics in brackets, loglikelihood values (  ) and the Bayesian Information Criterion (BIC). The results indicate that in terms of likelihood the best model is the MRLP, closely followed by the GBMP. This finding is in line with the commodity literature where mean reversion is a typical finding (e.g., see, Schwartz, 1997) .
We now consider the possibility of discontinuities or jumps in the returns. Since the MRLP and GBMP models stand out as the best in terms of likelihood and parsimony, we augment them with a jump process in order to investigate if its performance can be further enhanced. The resulting models are:
GBMP augmented by Jumps (GBMPJ)
where dq t is a compound Poisson process with parameter dt  and y is the jump size. In the GBMPJ process, y is lognormally distributed with mean μ j and standard deviation σ j . In the case of MRLPJ, the jump size is drawn from an exponential distribution with density:
where 1/η is the mean of the jump. The last two columns of Tables 5 to 8 report the results from the ML estimation of the MRLPJ and the GBMPJ models for the 4 wine indices. We note that the addition of jumps improved the performance of both the MRLP and GBMP model. Amongst the two jump-diffusion processes examined, the MRLPJ marginally outperforms the GBMPJ.
In order to check further the stability of the results, we divided each Liv-ex time series in two subsamples 
Derivatives on Wine Indices
On the basis of the results concerning the fact that the MRLPJ is the best proxy for the Liv-ex indices, we now discuss a framework that can be used to price option and futures derivative contracts on fine wine indices. We assume that the underlying asset can be traded, "jump risk" is not priced and that there is no model risk, i.e., the assumed dynamic is the true one. So, the price, F t , of a futures contract, and the price, ( , ; ) t C S T t K  , of the call option with strike price K at time t with maturity T, are given by equations (8) and (9) respectively:
Exp e ln S e ln kk
Figures 4 and 5 depict the delta of a call option written on the Liv-ex Fine Wine Investables Index as a function of time-to-maturity (T-t) for three different levels of moneyness. In order to demonstrate the importance of jumps, we report results for both the MRLPJ model and its continuous time counterpart. Beyond that, the practical implications of these examples are limited since the parameters correspond to the real distribution and not to the risk-neutral one. We can see that the diffusion model consistently underprices both the call option and its delta in comparison to the jump-diffusion model. The explanation of the latter result is twofold. First, the jump part dramatically increases the total variation of the process. Second, the low speed of mean reversion of the underlying (k= 0.4506) does not allow a rapid flattening out of the effects of jumps.
Conclusions
The rapid global expansion of the wine industry and investment community has increased the need to understand wine price risk along with ways to mitigate it. This paper evaluated the potential for international wine price diversification and proposed the development of derivatives on baskets of wines. Our results showed that international diversification benefits can be obtained by investing in Italian, Australian and Portuguese wines while diversification is more limited if it involves only investment across varieties of French wine. A horserace amongst popular continuous time models showed that a logarithmic mean reverting jump-diffusion process offers the best approximation to our wine price index series. On the basis of these results, we describe an appropriate framework for wine price index option and futures pricing. Future research could investigate alternative types of derivatives such as options on wine futures or wine swaps as alternative ways to satisfy the needs of market participants and enhance the completeness of the market.
FIGURE 4:
The value of a call option written on the Liv-ex Fine Wine Investables Index
Value of the call option as a function of time-to-maturity (T-t) estimated for three different moneyness levels: 20% ITM, ATM and 20% OTM. The dotted line corresponds to the case where the underlying follows the MRLP process for k=0. 5236, θ=5.7168, σ =0.1108 . The solid line corresponds to the case where the underlying follows the MRLPJ process for k=0. 4502, θ=5.7849, σ =0.0569, λ=6.6534, η=76.42 . We assume that r = 5% and S t =200
FIGURE 5: The delta of a call option written on the Liv-ex Fine Wine Investables Index
The delta of the call option as a function of time-to-maturity (T-t) estimated for three different moneyness levels: 20% ITM, ATM and 20% OTM. The dotted line corresponds to the case where the underlying follows the MRLP process for k=0. 5236, θ=5.7168, σ =0.1108 . The solid line corresponds to the case where the underlying follows the MRLPJ process for k=0. 4502, θ=5.7849, σ =0.0569, λ=6.6534, η=76.42 . We assume that r = 5% and S t =200
